Many different similarity measures have been described for searching chemical databases. Drawing on previous work in textual information retrieval, this paper investigates the numbers of queries that are required to make robust statements as to the relative retrieval effectiveness of different similarity measures. Experiments with the MDL Drug Data Report database suggest that much larger numbers of queries are ideally required for this purpose than has been the case in previous comparative studies in chemoinformatics.
Introduction
The work of Cleverdon and his colleagues in the Cranfield experiments established the central role of the document test collection in information retrieval (IR) [1] . Although much extended in later studies, most obviously in the long-running TREC conferences [2] and comparable evaluations such as ImageCLEF [3] , the test-collection approach continues to provide an invaluable source for the development and evaluation of new approaches to retrieval [4] .
A classical document test collection has three components (although the precise nature of the three components will depend on the type of evaluation that is being carried out): a set of documents; a set of queries that can be matched against that set of documents; and a set of relevance judgements stating which documents are relevant to each of the queries. Work in Sheffield since the mid-1980s has used a suitably modified form of the test-collection approach for the development and evaluation of methods for searching databases of chemical structures. This is an important part of the discipline known as chemoinformatics, that is, 'the application of informatics methods to solve chemical problems' [5, 6] . The approach has been widely adopted in chemoinformatics, initially in the context of similarity searching [7] , but subsequently more widely across the whole range of methods that are used for what is generally known as virtual screening [8] [9] [10] [11] . This brief communication investigates one aspect of test-collections that has not previously been studied in a chemoinformatics context, specifically the numbers of queries that are required to make robust statements as to the relative merits of different similarity measures for searching chemical databases.
Chemoinformatics and information retrieval
Given a database of molecules, as represented by their chemical structures, and some property of interest, such as the ability to reduce a person's cholesterol levels, a virtual screening method will rank those molecules in order of decreasing probability that they will exhibit the desired property. The top-ranked molecules are then those that are most likely to be of interest for further research, for example, in a drug discovery programme at a pharmaceutical company.
It will be realized that ranking a database of chemical molecules in order of decreasing probability of biological activity is analogous, in principle at least, to ranking a database of textual documents in order of decreasing probability of relevance. This analogy suggests that methods that have been developed previously by the IR community might well be applicable, with suitable modification, to research in chemoinformatics. In fact, there are many such analogies between these two, ostensibly disparate, disciplines [12, 13] , an important one being the way that database records are represented for search. IR has long used a 'bag of words' approach in which a document is indexed by its constituent words, without taking account of the precise way in which these words are related to each other (which lies in the realm of the cognate discipline of natural language processing). The similarity between a database document and a query, and hence the document's probability of relevance to that query, is then based on measuring the extent of the overlap between the words representing a document and the words representing the query. In much the same way, a database structure can be indexed for searching by a 'bag of substructures' representation that lists its constituent substructures, for example, a molecule containing an aromatic carboxylic acid grouping might be indexed as containing benzene and acid substructures inter alia. The substructures indexing a molecule are encoded in a fingerprint, a binary vector in which specific bits are switched 'on' to indicate the presence of specific substructures (non-binary fingerprints can also be used in which the individual vector elements contain weights denoting the relative importance of each specific substructure).
In chemical similarity searching, the query is typically a structure, often called the reference structure, that has already been found to exhibit the property of interest, and database structures that are similar to this query are then assumed also to exhibit that property. This assumption is commonly referred to as the similar property principle and is a direct analogue of the cluster hypothesis (i.e. that similar documents tend to be relevant to the same requests) that underlies the use of clustering methods in IR [7] . The similarity between a database structure and the reference structure is computed by comparing their fingerprints to identify bits, and hence substructures, that they share in common (as against the words in common that form the basis for IR searches of text databases). The overall similarity measure hence involves the type of fingerprint that is used to represent the molecules and the similarity coefficient that is used to compare two such representations. The present study compared the effectiveness of 20 different similarity measures (as described in Methodology below) when used for similarity searching. More specifically, the focus of interest was not which measures were the most effective (since there have been many such comparative studies [14] [15] [16] ) but, rather, how many query reference structures needed to be used to ensure that the correct 'best' measures were indeed identified. Time and effort can clearly be saved if just a few queries need to be searched to obtain a robust ranking of the various similarity measures under investigation, and previous comparative studies have typically used just small numbers of queries. However, this may not be desirable if there is a marked trade-off between the number of queries used and the accuracy of the rankings resulting from those queries, that is, between the efficiency and the effectiveness of the comparison. This question has been studied previously in the IR context on several occasions [17] [18] [19] : the rather different nature of the queries in similarity searching raises the question of whether such a trade-off exists in the chemoinformatics context.
Methodology

The test collection
The test collection used here, called MDDR, is derived from the MDL Drug Data Report database (available from Accelrys Inc. at http://www.accelrys.com). This database contains the structures and pharmacological class information for molecules that have been reported in patents, journals and conference proceedings as exhibiting biological activity, and the version used here contained 102,514 different molecules. A collaboration with the Novartis Institutes for Biomedical Research in Basel [20] identified several activity classes in the database that were of current interest to the pharmaceutical industry and six of these classes were used:
• 827 5HT1A agonists (subsequently abbreviated to 5HT, and studied as treatments for depression); For example, each of the 750 HIV compounds, when used as a reference structure, seeks to retrieve the other 749 inhibitors at the top of the ranking generated using one of our 20 similarity measures. By comparing the numbers of inhibitors that are actually retrieved (for which a cut-off of the top 1% of the database was used, that is, the top-ranked 1025 molecules), the similarity measures can be ranked in order of decreasing retrieval effectiveness. Averaging over searches using the 750 different query molecules we then obtain an overall ranking of the 20 similarity measures. As noted in the Introduction, previous comparative studies of similarity measures have used only small numbers of queries, and the research question posed here is hence as follows: is the same ranking of the 20 measures obtained if the average is calculated over not the full set of 750 HIV molecules but over just 10 of them selected at random, just 25 selected at random, just 50 selected at random, etc.?
The similarity measures
The 20 different similarity measures that have been tested derive from all possible combinations of five different types of fingerprint and four different types of similarity coefficient. The five types of fingerprint that were used to index the query and database structures were as follows: These fingerprints are described by Gardiner et al. [21] . The four coefficients were as follows:
where it is assumed that the fingerprints describing the query structure and a database structure have a and b bits, respectively, set in bit-strings containing a total of n bits (so that, for example, n = 2048 for the ECFP4 fingerprints), and that c of these bits are common to the two fingerprints that are being compared. Values for the Tanimoto, Russell-Rao and Forbes coefficients of either 0 or 1 denote fingerprints having no bits (or substructures) in common or fingerprints that are identical (all substructures the same), respectively; for the Euclidean (which is a distance coefficient rather than a similarity coefficient), the corresponding extremal values are ffiffiffiffiffiffiffiffiffiffiffi a þ b p and 0, respectively.
Evaluation of performance
Given a specific combination of one type of fingerprint and one type of similarity coefficient, some number, q (q ≤ N, where N is the total number of molecules with the chosen bioactivity), of similarity searches are carried out usinguery molecules having a particular bioactivity. The top-ranked 1% of the database resulting from each such search is inspected to determine how many of these nearest neighbour structures have the same bioactivity as the reference structure and then the mean number of actives retrieved (when averaged over the q searches) is calculated to represent the retrieval effectiveness of that particular similarity measure (this is a common evaluation criterion in chemoinformatics research). The search process is repeated for each of the 20 similarity measures in turn, thus providing a quantitative basis for ranking the similarity measures in order of decreasing effectiveness.
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This procedure is summarized below, with the innermost loop represented diagrammatically in Figure 1 :
FOR i := 1 TO 20 DO Select the ith similarity measure FOR j := 1 TO q DO Select the jth reference structure at random (without replacement) Rank the database in decreasing similarity to the jth reference structure using the ith similarity measure Note the number of actives retrieved in the top 1% of the ranked database END DO Calculate the mean number of actives retrieved using the ith similarity measure END DO Rank the 20 similarity measures in order of decreasing mean number of actives retrieved The search procedure above was carried out for each type of bioactivity class using values for q of 10, 25, 50, 100, 200, 300, . and N. The resulting rankings R 10 , R 25 , R 50 , etc., hence provided the basic data for a study of the extent to which the rankings of similarity measures obtained using a sample of the query molecules mirror the ranking, R N , obtained when the entire set of query molecules is used. For example, the ranking (highest to lowest mean numbers of actives retrieved) of the 20 similarity measures obtained using the entire set of 395 D2 actives was as follows: ECFP4- Tan The obvious way of comparing two rankings of the same set of objects (such as R 25 and R N in the present context) is to use the Spearman rank correlation coefficient [22] , which gives values of 1 or −1 for rankings that are identical or Figure 1 . Chemical similarity searching. A reference structure is compared with each of the molecules in a chemical database, and the similarity computed using some particular similarity measure. The resulting similarities are then sorted into decreasing order and the activity or inactivity noted (in this hypothetical example, two of the three most similar molecules have the similarities in bold to denote that they are active). The procedure is repeated for each of the reference structures that is to be searched against the database and then for each of the 20 different similarity measures.
are exact inverses of each other, respectively. Although very widely used, it may be argued that the Spearman coefficient is not an ideal evaluation criterion for this particular application. The purpose of comparing different similarity measures is to identify the measure or measures that give the best overall level of performance, that is, that come at or near the top of the rankings, with those measures occurring at the bottom of the rankings being considered of less importance (except, possibly, in a negative sense as measures that should be avoided in general). The Spearman coefficient, however, considers the entire ranking, giving as much importance to the top of the ranking as it does to the bottom [23, 24] (and a related problem has been identified when the popular receiver operating characteristic curves are used for evaluating virtual screening experiments [25] ). An additional, purely empirical scoring function is hence proposed here that attaches more importance to agreements at the top of the rankings that are being compared (and that accordingly acts as a check on the well-established Spearman coefficient). Assume that some particular similarity measure is ranked at position i (1 ≤ i ≥ 20) in the population-based ranking R N , and that it is ranked at position r in a sample-based ranking. Then the function
describes the degree of difference between the two rankings of that particular similarity measure. Summing over all of the 20 measures that are under test, the function
which will be referred to as the accuracy score, then describes the overall degree of difference between the two rankings. 
Results and discussion
The results obtained are exemplified by those for the D2 and HIV molecules shown in Figure 2 . Figure 2a plots the change in the Spearman rank correlation coefficient as the size of the query sample increases through the range R 10 , R 25 , R 50 , R 100 , R 200 , etc. It will be seen that the coefficient has its lowest value for the smallest sample, R 10 , but that the value then rises, albeit hardly smoothly, towards the limiting value for R N . Thus, while the ranking generated using just 10 reference structures is noticeably different from that obtained when the full set of reference structures is used, this difference soon disappears as the sample size grows. For this dataset, then, a sample of 100 queries yields a ranking of the 20 similarity measures that is little different from that obtained when all 395 queries are used.
The minimal values observed for the Spearman coefficient (and also for the accuracy score, where the scores have been rounded to the nearest integer) for each activity class are listed in Table 1 . The great majority of these minimal values were observed when the smallest samples were used, for example, the R 10 rankings with the D2 molecules. The only exceptions to this general rule were as follows: for the Spearman coefficient, the smallest value for COX was obtained using R 25 ; and for the accuracy score, the smallest values for COX and HIV were obtained with R 50 and for PKC with R 25 .
Inspection of the Spearman values in Table 1 suggests that, in some cases at least, the use of only small numbers of queries is unlikely to change dramatically the conclusions that can be drawn as to the relative merits of the various similarity measures that are being compared. For example, even the smallest HIV samples suggest a high level of agreement between the sample-based rankings and R N , as illustrated by the plot in Figure 2c . This finding supports much previous work on the comparison of similarity measures for virtual screening; for example, the many studies carried out in Sheffield have typically used sets of 10 or 20 reference structures for each activity class under study; while Sastry et al. [16] and McGaughey et al. [26] have used just a single reference structure for each class. In other cases, however, the Spearman results indicate that considerably larger numbers are advisable when comparing different similarity measures, with the D2 molecules providing an obvious example of this behaviour.
The need for large samples is much more marked if the accuracy score is used to compare the sample-based rankings with R N , as demonstrated by Figure 2b and d . In both cases, it will be seen that, while the general form of the plots is similar to that in Figure 2a and c, in that the value rises with an increase in the number of queries, even the largest samples yield accuracy scores that are rather less than the maximal value of 210. In some cases, such as D2, PKC and REN, Table 1 shows that the minimal value is only about one-half of the maximum value, indicating a marked difference in Arif et al. 5 the sample-based and population-based rankings of the 20 similarity measures. The accuracy score plots hence suggest that notably more searches need to be carried out to approximate the full set of reference structures than when the Spearman coefficient is used to assess the accuracy of the rankings. That said, the two criteria are in agreement to the extent that both identify the 5HT, COX and HIV sample-based rankings as differing less from R N than do those for D2, PKC and REN. It has been noted previously that the purpose of this work is not to identify the best similarity measure: this is a topic that has been extensively studied in the past, with the previous studies demonstrating the general effectiveness of the Tanimoto coefficient and the ECFP4 fingerprint (as is the case, for example, for the D2 R N ranking listed previously). It is hence hardly surprising that this combination was the best single measure when averaged over the entire sets of experiments carried out here, with the combination of the Forbes coefficient and the ECFP4 fingerprint the next best. However, there were occasions when the rankings of the 20 measures had these two in reverse order. Specifically, the latter combination would have been judged the better of the two (and the best of the 20 measures) for the R 10 to R 300 rankings for the PKC molecules and for the R 10 , R 25 and R 50 rankings for the COX molecules.
The results hence demonstrate clearly that there can be discrepancies in the rankings of similarity measures that are obtained using different numbers of bioactive reference structures. In particular, rankings obtained using small numbers can be markedly different from those obtained using all of the available active molecules. Since previous similaritymeasure comparisons have used only small, or very small, sets of queries, one might reasonably question the validity of the results that have been obtained to date. However, it must be emphasized that such comparisons have typically used multiple activity classes, combining the ranking obtained from one class with those from each of the other classes to obtain an overall ranking of the available measures that is expected to give a better guide as to effectiveness than would the use of just a single activity class. For example, the Sheffield group (and subsequently others) have made extensive use of 11 (and sometimes up to 30) activity classes from the MDDR database, the Maximum Unbiased Validation dataset of Rohrer and Baumann contains 17 classes from the PubChem database [27] , and the Bajorath group has recently described a set of 50 activity classes from the ChEMBL database [28] .
Conclusions
The comparison of different types of similarity measure is an important aspect of research into virtual screening. Previous comparative studies have used only limited numbers of query molecules, but the results presented here suggest that this can be far from ideal, with some hundreds of query molecules being required to mirror closely the results obtained using the full sets of query molecules for each of six types of biological activity. This report hence suggests that future experimental studies could usefully employ larger numbers of queries than has been the case in the past.
